


































































































Figure 2.7.

Partitioned Decision Tree
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In Figure 2.7, node dy is the initial decision node of the
entire tree and, of course, has as its value the maximum value of

its successors. That is,

(7) V(dy) = Ve,

The node d, plays two roles. It is the initial decision node of

its own subtree and a tip node to the dy subtree. Consider node m
located in the d, subtree with a provisional value of V(m). As '
shown before in equation (5), it is possible to calculate both

the sensitivity differential of node m with respect to do (denoted
S(m/dz) ) and the sensitivity differential of node d, with respect to

dy (denoted<S(d2/d1) ). For reference, these ére:

V(e'max)tv(em)

ﬂP(dz,m)

(8) S(m/dp) =

V(emax)‘v(edz)

(9) S(dp/dq) e,

The task now is to calculate S(m/dy): the sensitivity differential
of node m with respect to d].
This is done in a two-step process for the example in

Figure 2.7, beginning at d1 and working forward toward m. Thus,
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sensitivity calculations take place in a forward direction (from the
root to the tips) as opposed to rollback calculations which take place
in the reverse direction (from the tips to the root). The sensitivity
differential S(d2/d1) is the increment on V(dz) necessary to bring

V(edz) up equal to the value of V(e .. ). The new, higher value V'(d,)

max
needed for this is simply the old value plus the differential.

Now, the amount that V(m) needs to be raised to bring V(dz) up to

V'(dy) is given by:

V'(dz)-V(em)

av SR = —

That is, in computing the sensitivity differential of node m,

rather than raising V(e,) up to V(e' .,), it must be raised further

max
to V'(d,). The value V'(dz) will always be greater than or equal to

that of V(e'

max) since:

(12) V‘(dz) > V(dy) = V(e'max)
This two-step process leads to a generalized recursive

procedure for finding the sensitivity differential of any node in
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the tree with respect to the initial decision node:

( S(n) " for an event node n
P(n)

(13) s(r(n))

"

ﬁ

k S(n)+V(n)-V(r(n)) for a decision node n

where T'(n) is the successor of node n and P(n) is the probability
along the branch from n to r(n).

At first glance, the node with the lowest sensitivity
differential may appear to be crucial and should be chosen as the
next to expand. It may be argued, however, thét the factor which
determines the node to be selected for expansion is not the absolute

sensitivity differential S(n), but the relative sensitivity Sr(n):

| »
(14) Sp(n) = —

wherevov(n) is the anticipated variation in the provisional value
of node n which is likely to take place by further refinements.
ov(n) represents, therefore, the magnitude of the error present'in
the provisional value estimate V(n) and Sr(n) represents the
likelihood that this error would result in a change of plan. The

error ov(n) may depend on the magnitude of the value. For example,
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a node with a value of 10 is less Tikely to be raised to 15 by
refinement than a node with a value of 110 is to be raised to 115.
Equation (14) is based on the following noise model. Let
v be the provisional value of some tip node as reported during the
elicitation interview. Let v* be the "true" value that would result
if this node could be theoretically expanded completely. The difference
Av = | v¥-y| 1is the error due to "noise". Figure 2.8 shows these
quantities in the form of a probability distribution graph. The
value v* is not known. However, treating v* as a random variable,
we wish to find the probability that expanding a node with value v
will cause a change in the initial decision. Let v, be the required
value for a decision change, as calculated by sensitivity analysis.
Then, we wish to find P(v*>volv). To find this probability, some
distribution P(v*|v) must be assumed. We assume here that P(v*>v0jv)

is some monotonic increasing function of:

(15)

where c% is the variance of v*, which 1eéds to equation (14) as a
proper basis for node expansion.

| The value ov(n) cannot, of course, be computed exactly.
It can, however, be estimated either by asking the decision maker
directly to assess fhe reliability of his value judgment V(n), in
the. form of a utility interval, or by assuming a reasonable reli-

ability model in the form of a functional relationship o, (n) = f(V(n))
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connecting ov(n) to the magnitude of the value estimate V(n). The
distribution spread may depend on the value oF v in a manner shown
in Figure 2.9. In the current program version, a linear noise model
is assumed: ov(n) = a+bV(n) reflecting the fact that greater -
inaccuracies are anticipated in assessing scenarios involving
higher stakes. By comparing the provisional value V(n) with its
rollback value over many nodes, it is possible to collect statistics
on the-factors which determine the reliability of human assessments.
These could be incorporated to construct more refined models of
value reliability for use in subsequent runs.

Once o, (n) is determined, the value of the relative
sensitivity Sr(n) can be computed for all the tip nodes of the
partial tree under analysis. The one with the Towest value would
be selected for expansion. Needless to say, such analysis cannot be
performed during a manual interview, as it involves real-time

manipulation of the entire tree at hand.
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IIT. GAINING INFORMATION THROUGH EXPERIMENTATION

Among the more difficult estimates for the decision maker
to formulate are the probabilities associated with outcomes of
events [11]. Any chance to express and incorporate underlying causes
or related events in order to obtain more accurate probability
estimates should be exploited. The option to perform an "experiment"
that will yield information about the probabilities of a related
event provides such a chance. The option may be thought of as "buying
information" since there is usually an experimentation cost and part
of the analysis is to determine if the information is worth the cost.[12].v
The experiment may be performed by either an actual physical act (i.e.
call your stock broker) or by an internal act of recalling pertinent
information (i.e. analyze clues that lead to a certain belief).

Figure 3.1 shows the structure of an experiment. It takes the
form of a two-branch decision node followed, on one of the branches, by
a single event node. The decision node represents the choice of
performing or not performing the experiment. If the experiment is to
bé performed, the event node represents the possible outcomes or
"observations". Each observation has an assqciated probability of
- occurrenceand the experimentation cost, if there is one, must be
incurred before the outcome is known.

Before a successful rollback procedure can take place, all

probabilities relevant to the experiment must be determined. They are:
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n :
A P(C.) the apriori event probabilities for the

j J

i outcomes C1,..,Cm,

A P(E1) the probabilities of the experimental

i=1

observations E.,...,E , and

n m 1 n

A A P(leEi) the observation-conditional probabilities
i=1  j=1

of the event outcomes.

The symbol A s used above as a short-hand notation with the

following definition:

The apriori event probabilities 381 P(Cj) are assumed to be ﬁnown.
However, the probabilities of the experimental observations A P(Ei)
are generally not known. The traditional method of obtaining1£;em is by
first determining the event-conditional probabilities ’? .2 P(Eilcj)
which are the reverse of the observational-conditionalaglob;511ities
mentioned above. The P(Ei) are then calculated using probability

summing:

m
£ P(E;| C;)P(Cs)
1 g1 I

=3
el
—
m
-
~
"
=3

1 i

and the observation-conditional probabilities are obtained by using
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Bayes' rule:

TR
A P(C.|E: =
1 3=1 A

n o P(E;[C5P(C)
A -

n
A

==

i i

As an example of this approach, consider the physician who
suspects, on the basis of breviously observed clinical signs, that a
patient has a specific disease. In order to refine his probability
estimation, further tests can be performed that will yield more
accurate information about the patient's condition. However, the tests
may not be entirely specific. to the suspected disease.

The physician may have difficulties estimating the observation-
conditional probabilities required, that is, the probability that the
patient has the disease given that the test results were positive, etc.
The reason is that his knowledge may not be organized in this fashion.
It is more 1fke1y to be organized around éause—and—effect relationships.
It is the disease that causes the positive test results and not the
other way around. Thus, the physician is mohe Tikely to be able to
estimate the event-conditional probabilities: the probability that
the test results will be positive given thét the patient has the
disease, etc. Because of this human tendency to organize knowledge
éround cause-and-effect relationships, 1t is more common to elicit
the required conditional probabi]itiesvin é "reverse" direction,
that is, the probability that a particular expériment outcome is

observed given that the event "is about to" occur.
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If, in fact, the observation-conditional probabilities are
easier to elicit than the event-conditional probabilities (as would be
the case in purely clinical situations where no disease model exists),
then the path probabilities P(Ei) and P(leEi) can be obtained directly
without resorting to Bayes' inversion formula, assuming, of course,
that in such situations, the observation probabilities were also
directly estimatible.

During the elicitation process, the opportunity for an
experiment will normally be discovered at the time probabilities
are being estimated for the outcomes to some particular event node.
Thus, the experimentation structure must be inserted into a previously
generated portion of the decision tree. Figure 3.2 shows the placement
of the experiment (indicated by a diamond-shaped node) relative to the
affected event node. The experiment must, of course, appear before the
event node in the tree but need not be immediately adjacent. It must
appear somewhere along the path from the initial root node to the
affected event node. This is because the experiment, after all, should
be used by the decision maker to change his actions in accordance with
ifs outcomes. There is thus a completely new set of probabilities on the
event node for each observational outcome of the experiment. These
~sets are required:. in addition to the apriori set of probabi]ities
given by the decision maker before the requirement for an experiment
arose.

. Figure 3.3 shows the traditional representation for an
imbedded experiment. Along one of the tree paths extending outward

from the primary decision node, the experimentation structure is
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encountered. There are n+l branches extending outward from the
structure viewed as a Who1e. One branch, E,, leads to the subtree
containing the event node with apriori probabilities P(Cy),...,P(Cy)
for m branches, where P(Cj) is the apriori probabi1ity that event
outcome Cj will occur. The other n branches of the experiment lead to

n duplicate subtrees, each identical except for the probabilities on
the event node. In place of the previously known apriori probabilities,
there are mn conditional probabilities P(leEi) for n observational
experiment results i=1,...,n and m event outcomes j=1,...,m.

Consider, now, the problem of tree duplication as described
above (Figure 3.3). In a static environment, subtree duplication
caused by the insertion of an experiment structure may not be a
hindrance to successful decision analysis. However, in the dynamic
environment of interactive tree e]icitatieﬁ, intolerable reference
problems arise. Every time a new node is expanded, duplicates must
be added to other parts of the tree that have resulted from previous
repetitions. Even if a graph structure isra]lowed, duplication would
sti1l occur in the area between the experiment and the affected event
nede making reference to speeific internal nodes difficult.

What is required is a technique thet eliminates the neces-
sity for subtree duplication due to an experiment. The selution found
to this problem is to consider the entire experimentation structure
as consisting only of a single node with a siﬁgle branch. Since the
structure is always the same (a two-branch decision node followed by

a single event node as shown in Figure 3.1), as long as all relevant
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information about the experiment is retained, the problem of subtree
duplication disappears.

Figure 3.4 depicts this transformation of the experimentation
structure into a single, diamond-shaped node. The cost is placed on the
single branch along with the n observation probabilities stored as a
vector. The "no experiment" decision branch shown explicitly in the
full structure is not shown as part of the experiment node but is,
neverthé]ess, considered to be implicitly part of it.

It is now possible to superimpose all of the duplicated
subtrees and form a single unique subtree extending outward from the
single experiment node branch. Since the only existing difference in
all of the duplicated subtrees is with the conditional probabilities
at the affected event node, a single collapsed event node can serve
to represent all of thé duplicated ones. Figure 3.5 shows the method
of storing the conditional probabilities on the branches. Each branch
holds a vector of probabilities corresponding to the probability of
the particular event outcome given each of the experimental obser-
vations respectively. Since each branch contains as many probabilities
aé experiment outcomes, there are the same number of probabilities
in each outcome vector as there are in the sing]e experiment vector
(see Figure 3.4). It should be obvious that this represehtation is
isomorphic to the traditional duplicative representation, but forms
a much "cleaner" tree.

Having a node in a decision tree with vectors of probabilities
on each branch certainly demands a change in the expected-value

rollback formulas. The primary objective in the definition of new

40



9poN Judwiuadx3y 03 uoLrje|suedj

g dunbLy

41



Figure 3.5. Collapsed Event Node
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formulas will be, of course, to preserve the isomorphism of repre-
sentation. That is, the internal values of all of the nodes should
be the same reQard]ess of which representation is chosen. Figure 3.6
shows the computation method at the event node containing vectors of
observation-conditional probabilities on the branches. Each set of
probabilities P(leEi) is taken, one at a time for i=1,...,n,

multiplied by the tip va]dés S Vm. respectively, and added

1°
togethef. The result is a vector of values corresponding to the n
values that would have resulted if each event node in the duplicated
subtrees had been calculated independently.

The rollback formula that accepts vectors of probabilities
on event nodes is not the only one that must be defined. The predecessor
to the node described above will have a vector as one of its tip values.
Since this node may be either a decision or an event, two extended
rollback formulas must be defined to accept vectors of values at the
tips. Figure 3.7 "and Figure 3.8 show these two formulas. It is assumed
that only one of the branches has a vector and that the others have
natural single values. The rollback procedure at the decision node
takes the maximum of the combination of all of the single values
with each of the vector values respective]y.(Figure 3.7). The result
s, again,'a vector of values. Similarly, the event node ‘calculates n
expected values using each of the n Vector values once, with a vector
of n values as the result (Figure 3.8).

Each time the value of a node is calculated, the vector is

propagated back toward the root of the tree until the experiment node

is reached. Since this node caused the duplication in the first place,

43



P(C

1 j=1 3l BV

Ik,

ne=-
™

. 1
i

Figure 3.6. Event Node Rollback Function
with Probability Vectors

44



>

.i

)
<<

MAX(Ni,V],..,Vm)

n=s

i=1

Figure 3.7. Decision Node Rollback Function

with a Value Vector

45



N>

(Powi + I

P.V.)
; NN

Figure 3.8. Event Node Rollback Function

with a Value Vector

46



the value of the experiment node is a single number. Figure 3.9 shows
how the vector is collapsed. Keeping in mind the "internal structure”

of an experimeht node (see Figure 3.1), the vector of probabilities

on the single branch must have one less member than the vector of values
at the tip. This is due to the fact that the experiment structure has
one exit branch with no probability attached to it: the "no experiment"
option on the decision node. It is assumed, by convention, that the
value cdrresponding to this branch is always contained in the first
position of the vector, labelled V(Ey). Thus, it is the task of the
rollback function for experiment nodes to take the expected value of

the n vector elements i=1,...,n with the n probabilities, respectively,
and subsequently compute the maximum of this single value and V(E,).

It should be clear that if the above procedure is followed,
the isomorphism between the two representations will be preserved and
the ultimate value of the initial decision node will be the same in
either case. The only remaining question is, "What happens when two
experiments interact?" It is possible that between one experiment and
its corresponding affected event node, another experiment could exist
that affects a second event node further down the road. Figure 3.10
shows an example of this situatioh. Node B js an experiment that helps
~ to estimate the probabilities at node G. (shown by the dotted line).
Node E is an experiment affecting thé probabilities at node H. As
might be imagined, the two interacting experiments form a matrix
of cqnditiona] probabiTities at node G. In order to clearly represent
this situation, Figure 3.11 expands both of the experiment structures

in Figuré 3.10 and shows all duplications assuming two observations
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for each experiment (three branches‘in all). The two experiments
produce 32 duplications of node G and its successors.

Assume that experiment B has observations B1 and 82 with a
"no experiment” option of B,. Also, let E,, Ey, and E, stand for these
same quantities for the second experiment: node E. Then, the matrix of

observation-conditional probabilities would appear as follows.

o | (apriori)

The apriori probabilities would be found in the (By,E,) entry of the
matrix. The other entries would contain all possible combinations of

observation-conditional probabilities:

p
A P(Gs Bs,Ey)
1 k=1 17k

T
W= =

i=1 ]

for each probability P(G;) extending outward from node G.
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Notice the difference in the tree representations in Figure
3.10 and Figure 3.11. Collapsing the experimentation structure into
a single node provides a great many advantages with a small burden on
computational effort. The tree is cleaner and can be described more
compactly with less confusion; events, which are naturally thought of
as single entities, are preserved as such; and interactive decision
analysis. is aided by having a storage representation that is closer

to the human conceptual model.
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IV. THE ELICITATION PROCEDURE

The é]icitation procedure is the cycle of logical steps
involved in obtaining detailed information from the decision maker
about one particular node in the decision tree. The information,
which includes provisional values, estimated probabilities, etc., must
be sufficient to successfully perform rollback and sensitivity
calculations. The information is obtained through a prescribed
sequence of interactions and when completed, the node under analysis
is said to have been "expanded".

Figure 4.1 shows an overview of the major steps comprising
the elicitation procedure and their effect on the expanded node. The
first step of the cycle consists of selecting a node for expansion
from those available tip nodes. As will be exp]ained later, not all
tip nodes are available for fufther exploration and refinement. The
decision maker may have indicated that in certain areas of the tree,
enough detail has been established and no further analysis is necessary.
Such nodes are called "terminal". The node selection is done through
the process of sensitivity analysis described in section II. After
node selectioh is accomplished, the node type must be determined. The
- type is classed as "decision" or "event" and a 1list of decision
alternatives or event outcomes, as the case may be, is requested.
After determining that the members of this "successor" list are
mutually exclusive, an iterative procedure is initiated that elicits

a provisional value, a probability (if necessary), and a cost for each



. DETERMINE NODE TYPE

. ELICIT ALTERNATIVES OR OUTCOMES

. DETERMINE IF MUTUALLY EXCLUSIVE

. ELICIT PROVISIONAL VALUES

. ELICIT PROVISIONAL PROBABILITIES

. ELICIT COSTS

. SELECT NEXT NODE FOR EXPANSION

. REQUEST FOR EXPERIMENTATION

Figure 4.1. Elicitation Procedure
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of the members of the list. Then, a request for an experiment is made
to ascertain the decision maker's confidence about his estimated
probabilities. This finishes the cycle and, after rollback and
sensitivity calculations, a new cycle can begin. Each of the above
steps will now be described in detail.

Upon the selection of a new tip node to be expanded, the
decision maker must be alerted that he is to shift his attention
to a spetific area of discourse (i.e. a node in the tree). If the node

is the successor of a previous decision, typical alert messages would be:

SUPPOSE THAT YOU HAD CHOSEN TO X
ASSUMING THAT "X" WAS PICKED
SUPPOSE THAT "X" IS YOUR CHOICE
WHAT IF YOU CHOOSE TO X

LET US SAY THAT YOU TOOK "X"

The "X" referenced above is the exact name given by the decision
maker for the particular decision alternative in question. The
alert messages do not form a complete English sentence because they
are the precursor to the elicitation request for the node type (see
~below). If the preselected node is an event rather than a decision,

slightly modified alert messages are more appropriate and desirable:

SUPPOSE THAT "X" HAPPENED
WHAT IF "X" OCCURS



ASSUME THAT "X" HAS HAPPENED
LET US SAY THAT IT WAS "X" THAT ACTUALLY TOOK PLACE

where "X" now stands for the event name itself. The alert messages
not only serve to orient the decision maker to a particular area of
discourse, but also serve as a prelude for interrogation of node type.
The messages in the above two sets (as with all message sets following)
are phrased to say the same thing in different ways to reduce monotony.

Once the decision maker has been informed as to the areé of
exploration, the node "type" must be determined. The type will form the
basis for classifying the node as a major decfsion with alternatives
or an event with outcomes. The interactive phogram allows 5 possible
node types:

(1) Unknown

(2) Terminal

(3) Decision

(4) Event

(5) Experiment

Before expansion, the node is assigned type "unknown". At expansion
time, the node is resolved as being of type "decision", "event", or
"terminal”. If the node is determihed to be‘of typev"termina1", it is
assumed that the decision maker is no longer interested in pursuing
this particular scenario to any greater level of detail. It is

immediately abandoned and its current provisional value (obtained at
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a previous time) is considered final. It is removed from the 1ist of
available tip nodes for expansion. If the node is not terminal, the
decision maker must declare it either decision or event. Finally, nodes
of type "experiment" need not be considered here because they are always
inserted into previously constructed portions of the tree and never arise
as a result of natural node expansion. A detailed discussion of the
elicitation of experiment nodes is presented later in this section.

| The following queries, which are typical of those used to
determine a node of type "decision", are meant to complete the sentence

started by the alert messages given above:

IS THERE A DECISION TO BE MADE AT THIS POINT?
WOULD THERE BE OPPORTUNITIES OPEN TO YOU NOW?
ARE SOME OPTIONS AVAILABLE TO YOU?

DO YOU HAVE A CHOICE OF ALTERNATIVES?

If a negative response is received from the above, the following

questions probe for "event" nodes:

ARE THERE SOME EVENTS THAT MAY HAPPEN?
ARE EVENTS ABOUT TO HAPPEN OVER WHICH YOU HAVE NO CONTROL?
THEN PERHAPS UNCONTROLLABLE OUTCOMES MAY OCCUR?
CAN YOU THINK OF THINGS THAT MAY HAPPEN AS A RESULT
OF THE CURRENT SITUATION?
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0f course, the above questions are asked with the assumption
that the responses will have some influence on thekdecision maker's
future courses of action or will be relevant to his prob1em. If the
decision maker fails to give a positive response for either decision or
event node types, a terminal node situation is suspected and a confir-
mation is initiated. It is assumed that enough refinement has occurred
on the current scenario-and that the decision maker is ready to explore

other areas in more depth. Typical confirmation queries are:

DO YOU WISH TO STOP EXPLORING FURTHER IN THIS DIRECTION?
HAS THERE BEEN ENOUGH DETAIL EXPRESSED SO FAR?

SHOULD WE EXPLORE SOME OTHER POSSIBILITIES IN ANOTHER AREA?
PERHAPS WE SHOULD TALK ABOUT SOMETHING ELSE?

I ASSUME THAT WE CAN LEAVE THIS SITUATION?

If a negative résponse is received to the above questions, it is
assumed that some misunderstanding has taken place and a short
tutorial is started with the intention of ascektaining which of the
three node types is preferable and forcing a selection among them.
If the decision maker indicates two«terminal‘nodés in succession, he
is asked if he wishes to end the interview.

With the node type determinéd,.élicitation of decision
alternatives or event outcomes can commencé. fhe decision maker is
simply asked to 1list them using short descriptive phrases. There is no
limit to the length of the 1list but it must cohtain at least two

alternatives. Typical request messages for decision alternatives are:
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PLEASE LIST THE ALTERNATIVES THAT YOU HAVE, ONE AT A TIME.
STATE THE CHOICES THAT YOU HAVE.

LIST THE OPTIONS THAT ARE AVAILABLE.

PLEASE LIST THE DECISIONS THAT YOU COULD MAKE.

TELL ME WHAT IS AVAILABLE.

WHAT OPPORTUNITIES ARE THERE?

A simpie keyword search on the response determines when the list is

complete. Typical requests for outcomes to events are worded as

follows:

PLEASE LIST THE OUTCOMES.

EXACTLY WHAT EVENTS COULD OCCUR?

STATE THOSE EVENTS THAT MAY HAPPEN.

LIST THE POSSIBLE OCCURRENCES THAT YOU FORESEE.
WHAT DO YOU SUPPOSE COULD HAPPEN?

With each response of a decision alternative or an event

outcome as the case may be, a new successor node skeleton is

~ constructed and storage allocated to accommodate further information

as it is obtained.

Because of the strict requirement for mutually exclusive

decision alternatives and event outcomes, a confirmation must be

received from the decision maker that the successors just listed are



indeed mutually exclusive. For decision nodes, the following questions

confirm this fact:

ARE THE ALTERNATIVES MUTUALLY EXCLUSIVE?

DOES THE CHOICE OF ONE ALTERNATIVE EXCLUDE THE OTHERS?

IS ONLY ONE CHOICE POSSIBLE?

IS IT TRUE THAT CHOOSING ONE OF THESE ALTERNATIVES EXCLUDES
THE OTHERS FROM BEING CHOSEN?

AM I CORRECT IN ASSUMING THAT ONLY ONE CHOICE IS POSSIBLE?

For event nodes, the following queries are typical:

ARE THESE EVENTS MUTUALLY EXCLUSIVE?

DOES THE OCCURRENCE OF ONE EVENT EXCLUDE THE OTHERS
FROM HAPPENING? |

CAN JUST ONE OUTCOME HAPPEN AT A TIME?

AM I CORRECT IN-ASSUMING THAT ONLY ONE CAN OCCUR?

At this stage in the elicitation process, the preselected
node has been completely expanded in the senée that all relevant
information has been obtained about it in particular. It is now
necessary to acquire enough information about the nodefs successors
so that adequate rollback and sensitivity anaiysis can‘be performed
in preparation for the selection of another node to expand. The
successors, as listed by the decision méker, afe individually con-

sidered by introducing them one at a time with short alert messages
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followed by requests for provisional value, probability (if necessary),
and cost. By iterating on each successor in this way, the decision
maker is not forced to jump from one successor to another while trying

to estimate values and probabilities, etc. The short alert messages are:

LET'S CONSIDER "X" FOR A MOMENT.
NOW CONSIDER "X".

WHAT ABOUT "X"?

LET'S TALK ABOUT "X" FOR A WHILE.

Once the decision maker has been informed about the area of consid-
eration, the first quantity to be requested is the provisional node
value, that is, the worth to him of the possible opportunities that
this particular situation may open. This value may be given in
absolute terms, such as money, or in a relative utility scale

that indicates personal preference. The only criteria is consistency.

Typical requests for provisional node value are:

TRY TO PLACE A NUMERIC VALUE ON THIS SITUATION.
WHAT VALUE WOULD YOU GIVE TO THIS OPPORTUNITY?
HOW WOULD YOU EVALUATE THIS SITUATION?

ESTIMATE THE VALUE IF YOU WERE IN THIS POSITION.
WHAT IS THE POSSIBILITY WORTH TO YOU?

If, by previous questioning, the selected node was determined

to be an event, probabilities must be assigned to each of the successor
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nodes. It is assumed that the decision maker is capable of providing
rough probability estimates without a complicated elicitation process.

Typical queriesvfor probability are as follows:

WHAT IS THE PROBABILITY OF THIS OUTCOME?

WHAT ARE THE CHANCES THAT THIS EVENT WILL OCCUR?
HOW MUCH OF A CHANCE DOES IT HAVE?

WHAT PROBABILITY WOULD YOU PLACE ON IT? |

0f course, no probability questioning occurs on the successors of
decision nodes. Further, since the sum of the probabilities on all
successors must equal 1, no questioning is necessary on the last
successor. .‘

The final item of information thét must be obtained for each
of the successors is the cost. If the decision maker has indicated,
through previoué questioning, that he wishes to use a utility scale
of his own choosing in order to express provi§1ona1 values, it is
assumed that any incurred costs will be absorbed in the utility
estimate. However, if he uses an absolute scale (i.e. money [13])
for representing provisional values, the cosf of each decision
alternative or event outcome is required. This cost is always assumed
to be local and independent of the prbvisiona1 vaiue. That is, the cost
will remain constant even though the provisioﬁal value may change due

to further refinement. When calculating rollback, the cost is incorporated
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into the standard formulas as follows:

V(N) = MAX LV(N)-C(N;)3
i
where N is a decision node, Ni are the successors of N, and C is the

cost function. For event nodes, using the above notation:

VN =z (PON)IV(ND)-C(Ng) )
1

The following queries are typical of those used to elicit cost:

WHAT IMMEDIATE COST IS EXPECTED?

WHAT WOULD BE THE IMMEDIATE COST, ASSUMING THIS SITUATION?
STATE THE COST IF THERE IS ONE.

IF THERE IS AN ASSOCIATED COST, WHAT IS IT?

WHAT IMMEDIATE COST IS ANTICIPATED?

With the provisional values, probabilities, and costs obtained
for each successor, the elicitation procedure is completed except for
a possible option to perform an experiment. As described in detail in
section III, the purpose of an experiment is to aid in estimating the
probabilities of an event node. Of course, if the previous elicitation
cycle was engaged in the analysis of a decision node, no request for an
experiment is made. The following are typical questions that request

for an experiment option:
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CAN YOU IMPROVE THE PROBABILITY ASSIGNMENTS BY PERFORMING
AN "EXPERIMENT"? |

ARE YOU UNHAPPY WITH THE ACCURACY OF THESE PROBABILITY
ESTIMATES?

IS IT POSSIBLE TO DO ANYTHING IN ORDER TO IMPROVE THE
ABOVE PROBABILITY VALUES?

If the option is declined, a new elicitation cycle begins by selecting
a new node for expansion. If it is accepted, the experiment elicitation
process is initiated that begins with a request for the experiment |

name and information concerning the time at which it is to be performed.

WHAT TYPE OF EXPERIMENT COULD BE PERFORMED?
WHEN WOULD IT BE CONDUCTED?

The decision maker is expected to respond wifh the name of a previously
expanded internal node. The program searchés the path from the root to
the current tip under analysis and selects a node that is the closest
match to the received response. Thus, it is not necessary for the
decision maker to remember the exact name given to each node. The

tree is broken at this point with storage allocated to accomodate the

new node. The next step is to ascertain the possible experiment outcomes:

PLEASE LIST THE POSSIBLE OBSERVATIONAL OUTCOMES
OF THE EXPERIMENT.



The final step in the experiment elicitation cycle is to ob-
tain the event-conditional probabilities at the affected event node
just expanded. With m event outcomes and n experiment observations,
there are mn conditional probabilities. By using the fact that n sets
of these probabilities must add to 1, the total is reduced to n(m-1)
elicited probabilities. Each event outcome is taken in turn with each

of the experiment outcomes as follows:

SUPPOSE THAT ”Cj" IS ABOUT TO HAPPEN...
WHAT IS THE PROBABILITY OF "Eq" HAPPENING?
WHAT IS THE PROBABILITY OF “E," HAPPENING?

..etc.

where Cj is the jth event outcome and Eqs E2, etc. are the experiment
observations.

The request for experimentation completes the elicitation
procedure for the expansion of a single node. The cycle of rollback,
sensitivity analysis, node selection, and node expansion is repeated
again and again until either all tip nodes have been removed from a
status of "available for expansion" or the decision maker has requested
~ ito prematurelyend the interview. At this time, the tree is closed and,
after a final rollback calculation, he is made aware of the most
promisihg scenario discovered.

The summary information concerning the results of the interview
is more than a simple indication of the best recommendation for the

initial choice of alternatives. The decision maker is given a complete
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“plan of action" that will tell him what decision to make at every
decision node in the optimal solution subtree. This is that subtree
which, starting‘from the root, takes the maximum-valued branch at each
decision node and all branches at each event node; In addition,
experiment nodes are given special consideration. Each decision that
comes under the influence of the experiment is mentioned separately
with recommended actions for éach observational outcome so that the
decision maker may obtain the most information from the experiment.
The following flowchart (Figure 4.2) diagrams the complete elicitation

procedure in a compact form and describes its overall Togical structure.
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Figure 4.2.
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V. SAMPLE INTERVIEW SESSION

The following hypothetical situation was chosen as an example
for demonstrating the program operation. We imagine a scientist who
is facing the dilemma of sending his brilliant proposal either to
governmental agency X or to agency Y. (The example is not altogether
unrealistic from the environment surrounding the funding of this
research;) It is assumed, because of inter-agency code of conduct, that
he cannot send the proposal to both agencies simultaneously. Agency Y
has already indicated interest in his work and a willingness to support
it at a Tevel of $50,000. Agency X, on the other hand, has not yet had
an opportunity to appraise it and further, is not committing funds
until the end of the year (i.e. two months hence). The potentially
available funds from agency X are much higher: full funding at a
level of $100,000 or partial funding at $70,000 (see Figure 5.7).

The basic decision that the scientist must make at the
moment is whether to send the proposal to agency Y immediately or to
hold it for two months for the purpose of improving it to fit some of
the specific needs of agency X. After the two months has elapsed, the
opportunity to send it to agency Y is still open. However, some
~erosion in certainty would result due to the delay in submission.

During the elicitation of the probability estimates
concerning the funding from agency X, the scientist feels uncertain
about the values he reports. He realizes that the delay in submission

will also offer him the opportunity to gain information by soliciting
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the opinion of an official from agency X as to the technical
compatibility of the proposal with respect to the overall agency
objectives. The official cannot be expected to give more than a
"favorable" or "adverse" response. Through past experience, the
scientist is aware of the official's tendency to respond over-
optimistically even regarding proposals which are not about to be
funded. This tendency can be formulated in terms of the event-conditional
probabi]ities of the experiment associated with evaluating the proposal.
The following interview session demonstration is reproduced
directly from the computer output. An asterisk is the signal from the
computer that it is ready to receive input from the user. Thus, text
immediately following an asterisk is considered to have been typed
by the scientist. Following the interview are two figures showing the
resulting decision structure. Figure 5.2 shows all of the duplicated
subtrees due to the experiment and Figure 5.3 shows the condénsed

structure using experiment nodes.
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WHAT'S YOUR PROBLEM? *SENDING THE PROPOSAL TO AGENCY Y OR WAITING
PLEASE LIST THE ALTERNATIVES THAT YOU HAVE, ONE AT A TIME.
1.*SUBMIT TO AGENCY Y IMMEDIATELY

2. %WAIT FOR TWO MONTHS

3.*NO MORE

ARE THE ALTERNATIVES MUTUALLY EXCLUSIVE?

*YES | |

NOW CONSIDER "SUBMIT TO AGENCY Y IMMEDIATELY". |
ASSUMING THAT THE CURRENT SITUATION WERE TRUE, TRY TO ESTIMATE
HOW GOOD IT IS INDEPENDENTLY OF OTHER POSSIBILITIES. YOU MAY USE
MONEY AS A SCALE OR ONE OF YOUR OWN CHOOSING, HOWEVER, YOU MUST
BE CONSISTENT AND USE THE SAME SCALE THROUGHOUT THE INTERVIEW.
DO YOU WISH TO USE MONEY AS A SCALE? |

*YES

ENTER YOUR ESTIMATE.

*50000

ARE THERE ANY HIDDEN COSTS NOT TAKEN INTO ACCOUNT IN THE
PREVIOUS VALUE ESTIMATION?

*NO

LET’'S LOOK AT "WAIT FOR TWO MONTHS"

WHAT VALUE WOULD YOU GIVE TO THIS SITUATION?

*70000 ' |

WHAT IMMEDIATE COST IS EXPECTED?
*0
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SUPPOSE THAT YOU HAD CHOSEN TO WAIT FOR TWO MONTHS

CAN YOU THINK OF THINGS THAT MAY HAPPEN AS A RESULT?

*NO

IS THERE A DECISION TO BE MADE AT THIS POINT?

*YES

STATE THE CHOICES THAT YOU HAVE,

1.*¥SEND TO X

2.%SEND TO Y

3.*DONE

DOES THE CHOICE OF ONE ALTERNATIVE EXCLUDE THE OTHERS?
*YES

NOW CONSIDER "SEND TO X"

TRY TO PLACE A NUMERIC VALUE ON THIS SITUATION.

*70000 '

WHAT WOULD BE THE IMMEDIATE COST, ASSUMING THIS SITUATION?
*() '

LET'S LOOK AT “SEND TO Y”

HOW WOULD YOU EVALUATE THIS SITUATION?

*50000

HOW MUCH EXPENSE 1S ANTICIPATED?

*0

ASSUMING THAT "SUBMIT TO AGENCY Y IMMEDIATELY" WAS PICKED,
ARE EVENTS ABOUT TO HAPPEN OVER WHICH YOU HAVE NO CONTROL?
*NO

DO YOU HAVE A CHOICE OF ALTERNATIVES?

*NO
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DO YOU WISH TO STOP EXPLORING FURTHER IN THIS DIRECTION?
*0K

SUPPOSE THAT “SEND TO Y" IS YOUR CHOICE.

ARE THERE SOME EVENTS THAT MAY HAPPEN?

*YES

PLEASE LIST THE OUTCOMES.

1.*ACQUIRE FUNDING FROM Y

2.%Y REJECTS PROPOSAL

3.*DONE

ARE THESE EVENTS MUTUALLY EXCLUSIVE?

*YES

NOW CONSIDER “ACQUIRE FUNDING FROM Y”

ESTIMATE THE VALUE IF YOU WERE IN THIS POSITION.
*50000 |

TRY TO ESTIMATE THE PROBABILITY THAT THIS EVENT WILL HAPPEN,
*0.8

IF THERE IS AN ASSOCIATED COST, WHAT IS IT7

*0

LET'S LOOK AY “Y REJECTS PROPOSAL”

WHAT IS THE SITUATION WORTH TO YOu?

*Q

STATE THE IMMEDIATE COST IF THERE IS ONE.

*Q .

CAN YOU IMPROVE THESE PROBABILITY ASSIGNMENTS BY
PERFORMING AN EXPERIMENT? '
*NO
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SUPPOSE THAT “ACQUIRE FUNDING FROM Y HAP?ENED.

ARE THERE SOME OPTIONS AVAILABLE TO YOU?

*NO

COULD UNCONTROLLABLE OUTCOMES OCCUR?

*NO

HAS THERE BEEN ENOUGH DETAIL EXPRESSED SO FAR?

*YES

WHAT IF “Y REJECTS PROPOSAL" OCCURS?

WOULD THERE BE OPPORTUNITIES OPEN TO YOU NOW?

*NO

CAN YOU THINK OF THINGS THAT MAY HAPPEN AS A RESULT?
*NO

SHALL WE TERMINATE THE INTERVIEW?

*NO '

WHAT IF YOU CHOOSE TO SEND TO X?

ARE EVENTS ABOUT TO HAPPEN OVER WHICH YOU HAVE NO CONTROL?
*YES

EXACTLY WHAT EVENTS COULD OCCUR?

1.*FULL FUNDING FROM X

2.*PARTIAL FUNDING FROM X

3.*X REJECTS PROPOSAL

4.*NO MORE

DOES THE OCCURRENCE OF ONE EVENT EXCLUDE THE OTHERS FROM HAPPENING?
*YES
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NOW CONSIDER "FULL FUNDING FROM X’
WHAT VALUE WOULD YOU GIVE TO THIS SITUATION?
*100000

WHAT ARE THE CHANCES OF THIS OUTCOME HAPPENING?
*0.4

WHAT IMMEDIATE COST IS EXPECTED?

*0

LET'S LOOK AT "“PARTIAL FUNDING FROM X"

TRY TO PLACE. A NUMERIC VALUE ON THIS SITUATION.
*70000

WHAT ARE THE CHANCES THAT THIS EVENT WILL OCCUR?
*0.4

WHAT WOULD BE THE IMMEDIATE COST, ASSUMING THIS SITUATION?
*0 |

WHAT ABOUT “X REJECTS PROPOSAL"?

HOW WOULD YOU EVALUATE THIS SITUATION?

*0

HOW MUCH EXPENSE IS ANTICIPATED?

*0 )

ARE YOU UNHAPPY WITH THE ACCURACY OF THESE PROBABILITY ESTIMATES?
*YES |

WHAT EXPERIMENT COULD BE PERFORMED?

*EVALUATE THE PROPOSAL

WHEN WOULD IT BE PERFORMED?

*AFTER WAITING TWO MONTHS



PLEASE LIST THE POSSIBLE OBSERVATIONS FROM THE EXPERIMENT.
1.*FAVORABLE RESPONSE

2.*ADVERSE RESPONSE

3.*DONE

CAN JUST ONE OUTCOME HAPPEN AT A TIME?

*YES

SUPPOSE THAT "X REJECTS PROPOSAL” 1S ABOUT TO HAPPEN. ..
WHAT 1S THE PROBABILITY OF “FAVORABLE RESPONSE” HAPPENING?
0.3

SUPPOSE THAT “PARTIAL FUNDING FROM X' IS ABOUT TO HAPPEN...
WHAT IS THE PROBABILITY OF “FAVORABLE RESPONSE" HAPPENING?
0.9

SUPPOSE THAT “FULL FUNDING FROM X" IS ABOUT TO HAPPEN...
WHAT IS THE PROBABILITY OF "FAVORABLE RESPONSE” HAPPENING?
*1

ASSUME THAT “FULL FUNDING FROM X" HAS HAPPENED,

IS THERE A DECISION TO BE MADE AT THIS POINT?

*NO

ARE THERE SOME EVENTS THAT MAY HAPPEN?

*NO

PERHAPS WE SHOULD TALK ABOUT SOMETHING ELSE?

*YES |

LET US SAY IT WAS "PARTIAL FUNDING FROM X" THAT ACTUALLY TOOK PLACE.
DO YOU HAVE A CHOICE OF ALTERNATIVES? |
*NO

78



COULD UNCONTROLLABLE OUTCOMES OCCUR?
*NO
SHALL WE TERMINATE THE INTERVIEW?
*YES
CONCERNING SENDING THE PROPOSAL TO AGENCY Y OR WAITING
YOUR BEST DECISION IS TO WAIT FOR TWO MONTHS
EVALUATE THE PROPOSAL AND...
IF "FAVORABLE RESPONSE” 1S OBSERVED, SEND TO X
IF "ADVERSE RESPONSE" 1S OBSERVED, SEND TO Y
PROGRAM FINISHED
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Event-Conditionals

P(favorable| win)=1
P(adverse| win)=0
P(favorable| partial)=.9
P(adverse| partial)=.1
P(favorable| lose)=.3
P(adverse| 1ose)=.7

08 -

Figure 5.2.

The Full Decision Tree
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VI. PROGRAM DESCRIPTION

An overall diagram of the flow of information in the
program is shown in Figure 6.1. The decision maker communicates with
the system through a remote terminal display. Information is viewed
on the screen and responses are typed at the console keyboard. Ques-
tions and answers are monitored by the "Query/Response Control"
subsystem. It is responsible for activities such as message printing,
information display, keyword analysis of input, etc., and the
interface control between the decision maker and the main processing
system. The "Tree Expansion Control" mechanism activates and maintains
the primary tree expansion cycle of (1) rollback, (2) sensitivity
analysis, (3) node selection, and (4) node expansion. Of these four
major steps, the decision maker is only aware of the fourth, "node
expansion”, which guides him through the elicitation procedure.

Each of the four major step-subsystems has access to the decision
tree data but only the node expansion subsystem can alter it.

The program is implemented in the LISP programming lan-
guage [14,15] on a Digital Equipment Corporation PDP-10 Compﬁter [16]
located in the Center for Computer-Based Behavioral Studies (CCBS)
in Franz Hall on the UCLA Campus. The particular version of LISP that
was used is called "Irvine LISP" [1?] from the University of Calif-
ornia at Irvine. It is a modified and enriched version of "Stanford
LISP" [18]. A concerted effort was spent in an attempt to use as few

sophisticated and version-dependent functions and special features
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as possible. Thus, most of the program contains elements found in
the intersection of all major LISP dialects. This allows the program
to be transferred to another computer with a minimum of translation
effort. The program itself contains a Tittle over 100 defined
functions and occupies almost 600 lines of printed LISP code. It
does, however, execute rapidly as there is no detectable delay in
response time. A complete program code listing can be found in the
Appendix.

The basic data elements provided by the LISP programming
language consist of atomic items such as numbers and words plus a
single structural item called a binary cell. Each data element can
be referenced by any number of "pointers"; words can, themselves,
reference one other item; and binary ce]}s can reference two items

as shown below.

NN NS

"

The data elements of the decision trees have been built from the

above LISP primitive elements. The nodes énd arcs of the tree are

considered to be individual entities that are connected by pointers.
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For example, two nodes connected by an arc areusually drawn as follows:

The above structure is, however, represented in data storage as

follows:
%

0

Each arc is doubly connected to both its single predecessor and
single successor node. Similarly, each node points to its
predecessor arc and to all of its successor arcs as well as being
pointed to by them.
The internal structure of each node permits the storage
of necessary information for computationaT processing (see Figure 6.2).
Each node has 9 data items associated with it. The NAME of the node
is a list of words received from the decision maker. One binary cell
is needed for each word in the node name. The BEST PATH FLAG is set

to "true" when the node is found to be in the optimal solution plan
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after rollback calculations are completed. The PREDECESSOR ARC
pointer connects directly to the arc structure that leads from the
predecessor node. Similar provision is made for connection to
multiple SUCCESSOR ARCS. The node TYPE is stored as either an integer
from 0 to 3 or NIL indicating an unknown type. The following table

lists the possible node types and their corresponding codes:

CODE NODE TYPE
NIL unknown

0 terminal

1 decision

2 event

3 experiment

A newly created node has type NIL until further information is
acquired. The VALUE item is determined by the rollback procedure
and may be a list of numbers if it is a collapsed node due to an
experiment. Likewise, the SENSITIVITY is calculated for each
value. The EXPANDED FLAG is set to "true" only when complete
information about a node has been obtained. The PROCESS FLAG is an
internal status indicator that is used by the rollback functions.
The internal structure of an arc parallels that of a node.
Figure. 6.3 shows this structure in detail. The data items are similar
except for the SUCCESSOR NODE which connects to one node only. The
PROBABILITY (which may be a vector) and the COST are obtained from

the decision maker.
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The node and arc structures are very flexible. All important
information can be stored either at the node or on the arc (branch),
wherever it is most natural. The tree can be searched either forward
or backward as required. In addition, a "super-structure" of binary
cells connects all nodes together as they are being created (see
Figure 6.4). A similar one connects all arcs. These super-structures
are used when node or arc processing is needed that is independent
of treé structure.

The defined program functions are divided into four
general categories: (1) data functions, (2) manipulation functions,
(3) input/output functions, and (4) processing functions. The data
functions are the lowest level functions and allow storage and
retrieval from the data structures for node and arc information.

The LISP language has perfectly good data functions of its own for
this very same purpose. However, by defining new ones, two

important advantages are gained: data independence and program
readability. Data independence is gained when it is possible to
change the data structure without changing the applications programs.
When a second level of data functions is defined in terms of the
primitive LISP functions, only their definitions need to be altered
when a modification of data structure is required. Secondly, English
words that reflect the meaning of the function can be used as names,
- thus making the program more readable. The following is a synopsis of
the.data functions and a short phrase describing the data item(s)

that each retrieves.

89



06

NODES

\

? | * ? o 1 —— 00 0
NODE NODE NODE

REFERENCE REFERENCE REFERENCE

ARCS
f o : 7 e T ot ——P-00 @
ARC ARC ARC

REFERENCE REFERENCE REFERENCE

Figure 6.4. Node and Arc Super-Structures



NAME(X)
NAMES(L)
PUTNAME(X,V)
FINDANAME (N)
FINDNAMES(L)
NAME; (N)

BP(X)
PUTBP(X,V)

PRED(X)
PUTPRED(X,V)
PREDNODE (N)

succ(x)

PUTSUCC(X,V)
SUCCNODES(N)
ADDSUCC(N,V)

TYPE(N)
PUTTYPE(N,V)
TYPEO(N)
TYPET(N)
TYPE2(N)
TYPE3(N)

The words comprising the name of node X or arc X.
NAME applied to each node or arc in list L.
Stores a new name V at node X or arc X.

Searches node N or its predecessors for a name.
FINDANAME applied to all nodes in Tlist L.

Attaches a semi-colon to the end of the name of node N.

Contents of the BEST PATH FLAG cell.

Places value V 1into BEST PATH FLAG cell of node or arc X.

Predecessor arc of node X or predecessor node of arc X.
Stores V as a predecessor to node X or arc X.

PRED(PRED(N))

Successor arcs to node X or successor node to arc X.
Stores V as a new successor to node or arc X.
SUCC(SUCC(N))

Adds a successor arc V to node N.

Numeric type of node N.

Stores V as type of node N.

"true" if type of node N is 0; NIL otherwise.
"true" if type of node N is 1; NIL otherwise.
"true" if type of node N is 2; NIL otherwise.

"true" if type of node N is 3; NIL otherwise.
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VALUE(N)

PUTVALUE(N,V)

VALUEO(N)
VALUES(L)

ADDVALUE(N,V)

SEN(N)
PUTSEN(N,V)
ADDSEN(N,V)

EXP(N)
EXPS(L)

PUTEXP(N,V)

FLAG(X)
PUTFLAG(X,V)
FLAGS(L)

PROB(A)
PUTPROB(A,V)
ADDPROB(A,V)
PROBT(A)
PROBS(L)
PROB1S(L)

Provisional value of node N.

Stores value V at node N.

Applies VALUE to node N; if none stored, returns O.
VALUE applied to all nodes in list L.

Adds value V to those already at node N.

Sensitivity of node N.
Places sensitivity value V at node N.

Adds sensitivity value V to those already at node N.

EXPANDED FLAG cell contents.
EXP applied to all nodes in list L.
Stores value V in EXPANDED FLAG cell.

Contents of PROCESS FLAG cell.
Stores V into PROCESS FLAG cell.

FLAG applied to all nodes or arcs in list L.

Probability of arc A.

Stores probability V at arc A.

Adds probability V to those already at arc A.
Applies PROB to arc A; if none stored, returns 1.
PROB applied to all arcs in list L.

PROB1 applied to all arcs in Tist L.

92



COST(A) Cost of arc A.

PUTCOST(A,V) Stores cost V at arc A.
COSTO(A) Applies COST to arc A; if none stored, returns O.
COSTS(L) COST applied to all arcs in Tist L.

The manipulation functions are defined to transform list
structures without any particular application dependency. The LISP
language has many available manipulation functions and relatively
few new ones needed to be defined. Some of the functions operate
on arbitrary lists and others are tailored for the specific

decision tree structure. The definitions can be found in the Appendix.

FLAT(L) This function removes any hierarchy that may exist in the
argument 1ist L and returns a one-level list containing all of the
atomic data items of the original list in their proper order. The

scan algorithm searches depth-first from left-to-right.

SINGLE(L)  This function removes all ddp]ications of atomic items

from a 1ist at the top level only.

MEMBLISTV(L1,L2) This function returns "true" if any member of the

Tist L1 is also a member of list L2.

MEMBLIST&(L1,L2) Similarly, this function returns "true" onfy if all

members of Tist L1 are also members of list L2. If any elements of

list L1 are themselves 1ists, MEMBLISTV 1is called on those and vice
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versa for MEMBLISTa . Thus, the two functions are mutually recursive.

BLEND(F V P C) For any function F, BLEND returns a list that is

the computation F( Pi(Vi-Ci) ) where P, are prbbabiiities in list P,
Vi are values in list V, and Ci are costs in 1list C. This function
is a useful way of computing rollback for different types of nodes

using the same code.

ALLATOMS(L)  This functions returns "true" only if all of the -

members of 1ist L are atomic data items.

CONSTANT(S) A self-referent node pointing to S is formed when the
function CONSTANT is used.

N

The reason that such a function is necessary stems from the pre-
defined nature of the LISP function MAPCAR [17]. The function MAPCAR
applies any specified function of one argument to the members of a
given Tist (one at a time) and returns a 1ist of results. If MAPCAR

is given more than one Tlist upon which to iterate, functions of more
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than one argument may be supplied. In these cases, the elements of the
multiple lists are taken in parallel until one of them runs out at
which time MAPCAR halts. In many instances, it is desirable to give

a constant argument to the specified function. Rather than creating

a list of duplicates, a self-referent "list" fools MAPCAR into

believing that an infinitely long list exists.

BAYES(A,B) Bayes' rule is used in this function to calculate

observation-conditional probabilities.

FIRSTNUM(L) A simple function that returns the first number found

in the argument 1ist L.

STAT()  The function STAT is a debugging tool that gives a status

report on the values stored in the entire decision tree.

DUMP()  The final summary report to the decision maker is initiated

with this function.

MAXNODE(L)  The node with the highest current provisional value
in Tist L is returned as the value of MAXNODE.

TIPS(N) As might be expected, the function TIPS returns a list

of tip nodes using node N as the root of a subtree.
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The input/output functions control all of the interaction
between the program and fhe decision maker. They consist of
pre-defined messages (labelled M1 through M17), question functions
(labelled with a prefix of "Q"), and various 1ant/output processing
functions. The message functions simply cycle through a 1list of

equivalent messages printing a new one out each time it is needed.

M1 Alert (decision) message.

M2 Alert (event) message.

M3 Determine node type (decision).

M4 Determine node type (event).

M5 Determine node type (terminal).

M6 Elicit decision alternatives.

M7 Elicit event outcomes.

M8 Decision alternatives mutually exclusive?
M9 Eveﬁt outcomes mutually exclusive?

M10 Successor iteration alert message.

M11 Elicit provisional value.

M12 Elicit probability.

M13 ETicit cost.

M14 Request for experiment.

M15 Request for experiment name.

M16 Request for experiment time.

M17 Elicit experiment conditional probabilities.
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The question functions use the message functions and are
labelled to refer to them. For example, question Q345 references

message functions M3, M4, and M5.

QYN Requests a "yes" or a "no" response.

Q345 Elicits node type.

Q67 Elicits decision alternatives or event outcomes.

Q39 | Requests confirmation for mutually exclusive alternatives

or outcomes.

Q1 Controls elicitation of provisional value.
Q12 Controls elicitation of probabilities.
Q13 Controls elicitation of cost.

The following input/output functions perform printing and reading

chores, etc.

PR(LF L) The function PR prints atoms in a list with a trailing
line-feed character if the variable LF is "true". Thus, it is
possible to print messages from more than one place in the program

on the same line.

QUT(V C L) The function OUT controls the cycle of messages and

keeps track which message  of a set is next to print.

GETINPUT() This is the only function that actually requests

an input from the decision maker. It prints an asterisk as a signal.
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The processing functions are the main control over tree
construction and the elicitation procedure. They use all of the

functions described thus far.

START() The top level function that is called to begin the program
is START. It initializes all of the system variables and expands
the root node. It then calls START* which begins the elicitation
cycle. When the interview is completed, START evokes the summary

function DUMP which gives the final results to the decision maker.

START*(N) The function START* controls the continuous cycle of
rollback, sensitivity analysis, node selection, and node expansion.
START* completes it job when the decision maker wishes to end the
interview or when the node selection function indicates that all

tree nodes have become terminal.

ROLLBACK() This function controls the rollback procedure and

calls ROLLCALC for computation on 1ndiv1dua]vnodes.

ROLLCALC(N) The rollback value of node N is calculated and stored

in the internal structure representing the node itself.

SENSITIVITY() This function controls the sensitivity analysis

for the entire tree. It calls SENCALC for the computation on a

single node.

98



SENCALC{N) This function calculates the sensitivity value for the
specific node argument N and stores it in the appropriate location

for use by the node selection function.

NODE-SELECT(R) The node selection function chooses a new node for

expansion out of the subtree with root node R by comparing the

sensitivity values.

EXPAND(N)  The function EXPAND is the heart of the program because

it directly controls the logic for the elicitation procedure. It

evokes other functions that print alert messages; elicit provisional
values, probabilities, costs, etc.; request responses from the decision

maker; and allocate storage for new nodes and arcs.

EXPERIMENT(N) This function is called by EXPAND when an experiment

is desired by the decision maker. It controls the elicitation process
for experiment nodes and inserts the node structure into the existing

tree at the proper place.

FINDEXPNODE(F N) This function aids EXPERIMENT by locating the

place of insertion of an experiment node. The method used is keyword
matching of the words comprising thevnode names given by the decision

maker with the name of the experiment.
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VII. CONCLUSIONS

Although the program has not been in operation for a
sufficient length of time to permit exhaustive tests, it was found
that the elicitation system could provide an adequate and useful
tool for decision aiding in those applications that naturally lent
themselves to decision tree representations. The most desirable
features were (1) the ease of operation that resulted once familiarity
was gained with the mechanics of interaction; (2) the inherent
"direction" of elicitation that leads to the exploration of the most
important and appropriate areas for quickly resolving the major
decision problem with few questions; and (3) the determination to
maintain, as closely as possible, a one-to-one correspondence
between the internal storage %epresentation of events and the
decision maker's perceptual representation.

This latter property'is considered to be the most important
and points out two observed deficiencies that will now be discussed
in detail. The decision tree demands mutually exclusive decision
alternatives and event outcomes. Thus, it is always necessary to
confirm this fact by continually asking the decision maker to check
his responses. This confirmation is necessary because of the ease with
which the non-technical user may misinterpret the system's queries.
It is very tempting to report aspects of the previously expanded node
rather than new future situations. For example, suppose that the
decision maker has just given the following alternatives to a

decision node:
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Assume that, through sensitivity analysis, it has been determined
that tip node t is the most promising to expand. Further, the decision
maker has indicated that t is an event node. Upon the request for

the event outcomes of node t as follows:
EXACTLY WHAT EVENTS COULD HAPPEN?.
the decision maker responds with this set of items:
1.* BUY A HOUSE
2.* GET AN APARTMENT
3.* RENT A ROOM

These responses constitute mutually exclusive event outcomes as
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required by the decision structure and may be followed by the

elicitation of probabilities. However, consider the following set:

1.* BUY A CAR
2.* GET AN APARTMENT
3.* FIND A JOB

These Eesponses seem to follow just as naturally from the elicitation
query and yet they are not mutually exclusive. Indeed, they are aspects
or attributes of the previous decision alternative.

It would be desirable to incorporate these responses into
the overall decision tree as a new type of node. There are, however,
two distinct interpretations of the meaning of the outcomes and a
separate query would be needed to distinguish them. The first inter-
pretation is that they are a description of the event and, therefore,
will occur with absolute certainty and serve primarily to identify
the event. The reason that the decision maker might be tempted to
provide a list of attributes in response to event queries is that he
focuses on the node aspects as auxilliary tools for mental estimation
of value (also called value dimensions). The second interpretation is
that all possible combinations of the mentioned outcomes and their
complements could be realized. In this case, the event node can be
represented as a series of sequentially ordered events as shown in
Figqre 7.1, where P; is the probability of event i occurring and

P% = ]°Pi stands for the probability of event i not occurring.
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One immediate problem with this formulation is that the
structure forces a duplication of event nodes as well as imposing
a time ordering that was not implied by the responses. An alternate
structure is shown in Figure 7.2 which requires only one node with
more branches representing a set of mutually exclusive event com-.
binations. A separate branch is needed for each path in the original
structure. The probability assigned to each branch is the product
of the probabilities along the path leading to the corresponding
combination of events. This representation, however, introduces its
own problems. Each tip node now stands for a combination of events
and the property of one-to-one correspondence between events and
nodes is lost. This property is one of the primary motivations for
collapsing duplicate subtrees by using a single experiment node. In
manual elicitation, the analyst can usually utilize his real-world
knowledge to resolve these ambiguous situations.

A similar situation arises when non-mutually exclusive
decision alternatives are encountered. Suppose, for example, that

the decision maker responds with the following set of alternatives:
1.* INVEST IN STOCK A
2.* INVEST IN STOCK B

3.* INVEST IN STOCK C

It seems clear that unless there is a minimum purchase requirement,

any combination of the stocks could be chosen for investment purposes
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Figure 7.2. Order-independent, Non-duplicative Event Node
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making the reported alternatives non—mutual]& exclusive. In fact,
when considering the amount of capital invested, they form the
boundary of a continuous action set.

The second deficiency is a subtle problem for any automated
elicitation system and surfaces as a result of representing knowledge
in tree form. In many real-world applications, the decision maker may
not perceive a problem in the form of a time sequence of decision
alternatives and event outcomes, but rather as a static network of
influences surrounding Zssues.* Consider, for example, our perception
of the environmental pollution problem. The issues of capital
investment, energy needs, energy supply, unemployment, public health,
etc. all seem to be tightly interwoven in a network of cause-and-effect
relationships. The main difficulty in attacking such a problem seems |
to be that of unraveling the uﬁder]ying causal network (on the basis
of insufficient data) rather than that of planning with action/event
scenarios. The major difference‘in the formal representation required
for such problems and the one handled by decision trees is that the
atomic entities admitted by the latter representation are restricted
to be descriptions of "world states" or decision situations. The
decision maker can express relations among these situation units but
is unable to express relations between the constituents of these units.
For example, he may assess the value of a certain situation consisting
of a combination of attributes but he is unable (with the present

system) to express the relative value of each individual attribute

*Ward Edwards elucidated this point in personal discussions with him.

106



or cross impacts among them. Likewise, when the decision maker is asked
to assess the likelihood of a certain event taking place, he ought to
consider the entire state of affairs prior to that occurrence. He
cannot, for example, express the belief that poljution is a positive
contributor to cancér independently of other situational factors

such as unemployment or some energy embargo.

To facilitate an "issue-oriented" problem elicitation
program, the internal machine representation of problem situations
should follow a different structure. In the Artificial Intelligence
literature, such structures are referred to as "problem reduction"
representations [8]. Each node in a tree represents a sub-problem
or a sub-goal rather than a state description. The resolution of each
“issue", which the decision maker perceives as part of his problem,
constitutes a reduction of the global prdb1em into several components.
These can be further reduced to their constituencies, and so on. The
tree expansion procedure guides the decision maker in selecting the
issue to explore next rather than the time-sequenced scenario that
he should follow next.

It is believed that an amalgamation of the issue-oriented
and the scenario-oriented approaches into a unified probiem repre-
sentation would yield greater matching between human perception and
organization of information and would rénder computers a more

effective decision aid to man.
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Lt

10.

22.

24,
25,

26.
27.
208.
29.
30.

G U~ OU W N —

(SETW BASE 12)(SETQ IBASE 12)

(DE
(DE
(DE
(LE

(DE
(DE
(DE
(DE
(DE
(DE
(DE
(DE
(DE
(DE
(DE
(DE
(DE
(D
(DE
(Di
(DE
(DE
(DE
(DE
(DE

HAME(X) (CAR X))
NAMES(L)(MAPCAR(FUNCTION NAME)L))
PUTWAME(X V)(CAR(RPLACA X V)))
FINDANAME(N) (COND

((NAME W))

((NULL(PRED N))(QUOTE RGCOT))
((NAME(PRED H)))

(T(QUOTE KONE)) ))

FINDNAMES (L) (MAPCAR(FUNCTION FINDANAME)L))
NAME; (N) (LIST(NAME ©N);))

BP(N)(CADR N))

PUTBP(N V)(CAR(RPLACA(CDR N)V)))
PRED(X)(CADDR X))

PUTPRED(X V)(CAR(RPLACA{CDDR X)V)))
PREDNODE(N) (PRED(PRED N)))

SUCC(X)(CADDDR X))

PUTSUCC(X V)(CAR(RPLACA(CDDDR X)V)))
SUCCNODES(N) (MAPCAR(FUNCTION SUCC)(SUCC H)))

-ADDSUCC(K V)(CAR(RPLACA(CDDDR N)(CONS V(SUCC N)))))

TYPE(N)(CAR(CDDDDR §)))

PUTTYPE(N V)(CAR(RPLACA(CDDDDR H)V)))
TYPEO(N) (EQ(TYPE N)0))

TYPET(N)(EQ(TYPE N)1))

TYPE2(N) (EQ(TYPE N)2))

TYPEI(N)(EQ(TYPE H)3))

VALUE(N) (CADR(CDDDDR N)))

PUTVALUE(N V) (CAR(RPLACA(CDR(CDDDDR W))V)))
VALUEO(N) (COND((VALUE N))(T 0)))

VALUES(L) (MAPCAR(FUNCTION VALUEO)L))



¢l

31. (DE ADDVALUE(N V) (PROGN :

32. (COND((ATOM(VALUE N))(PUTVALUE W(LIST(VALUE N)V)))
33. (T(PUTVALUE N(REVERSE(CONS V(REVERSE(SEN N)))))) )))
34, (DE SEN(N)(CADDR(CDDDDR N)))

35. (DE PUTSEN(N V)(CAR(RPLACA(CDDR(CDDDDR N))V)))

36. (DE ADDSEN(N V) (PROGH

37. (COND((ATOM(SEN N))(PUTSEH H(LIZT(SEw ()V)))

50. (T(PUTSEY w(REVORSE(CONS V(RESERSECSEY 19)))))) )
39. (D& EXP(W)(CADDDR(CDDDDR N)))

40. (DE EXPS(L)(MAPCAR(FUNCTION EXP)L))

41, (DE PUTEXP(K V)(CAR(RPLACA(CDDDR(CDDDDR N))V)))

u2, (DE FLAG(X)(CAR(LAST X)))

43, (DE PUTFLAG(X V)(CAR(RPLACA(LAST X)V)))

ny, (DE FLAGS(L)(MAPCAR(FUNCTIOW FLAG)L))

us, (DE OBN(A)(CADR A))

46 . (DE PUTOBH(A V)(CAR(RPLACA(CDR A)V)))

u7. (DE PROB(A)(CAR(CDDDDR A)))

4s, (DE PUTPROB(A V)(CAR(RPLACA(CDDDDR A)V)))

4g. (DE ADDPROB(A V) (PROGN

50. (COND((ATOM(PROB A))(PUTPROB A(LIST(PROB A)V)))
51. (T(PUTPROB A(REVERSE(CONS V(REVERSE(PROB A)))))) )))
52. (DE PROB1(A)(COND((PROB A))(T 1)))

53. (DE PROBS(L)(MAPCAR(FUNCTION PROB)L))

50 . (DE PROB1S(L)(MAPCAR(FUNCTION PROB1)L))

55. (DE COST(A)(CADR(CDDDDR A)))

56. (DE PUTCOST(A V)(CAR(RPLACA(CDR(CDDDDR A))V)))
57. (DE COSTO(A)(COND((COST A))(T 0)))

58. (DE COSTS(L)(MAPCAR(FUNCTION COSTO)L))

59. (DE FLAT(L)(PROG(R)

00. (FLAT* L)



gLl

61. (RETURN(REVERSE R)) ))

02. (DE FLAT*(L)(COND
03. ((WULL L)WIL)
o4, ((ATOM L)(SETQ R(CONS L R)))
05. (T(PROGN ‘
66. (FLAT¥(CAR L))
67. (FLAT*(CDR L)) ))))
638 . (DE SINGLE(L)(COND
09. ((NULL L)NIL)
70. ((MEMBER(CAR L)(CDR L))(SINGLE(CDR L)))
T1. (T(CONS(CAR L)(SINGLE(CDR L))))))
T2. (DE FIRSTHNUM(L)(COKD
73. ((FIRSTWUM* L))
Th. (T L) ))
75. (DE FIRSTHUM#*(L)(COND
76. ((NULL L)WIL)
7. ((NUMBERP(CAR L)) (CAR L))
T8. (T(FIRSTNUM¥*(CDR L)))))
79, (DE SETQS()(PROGH .
50 . (SETGQ COSTFLAG(SETQ ENDFLAG NIL))
81. (SETQ Q11FLAG(SETQ Q12FLAG(SETQ Q13FLAG(SETO NFLAG(SETQ AFLAG())))))
82, (SETQ M19C(SETQ M18C(SETQ M17C(SETQ HM16C(SETQ M15C(SETQ ®1uC
83. (SETQ M13C(SETG M12C(SETQ M11C(SETQ M10C(SETQ HM9C
Bl . (SETQ MBC(SETQ M7C(SETQ M6C(SETQ M5C(SETQ #HUC
35. (SETQ M3C(SETQ M2C(SETQ M1C 0)))))))))))))))))))
86 . (SETQ /.(QUOTE /.))
57. (SETQ /,(QUOTE /,))
58 . (SETQ ?(QUOTE ?))
§9. (SETQ *(QUOTE *))

90. (SETQ '(QUOTE "))



PLL

(SETQ :(QUOTE

(SETQ %(QUOTE %
(SETQ #(QUOTE #
(SETQ SP(QUOTE

1))
))
))
/
(SETQ ;(QUOTE ;)
/
\
=)

))

(SETQ /" (QUOTE /"))
(SETQ \(QUOTE ))
(SETQ =(QUOTE =))
(SETQ LF T)
({SETQ NODES(LIST(SETQ ROOT(LIST
NIL NIL NIL NIL 1 NIL NIL NIL NIL))))
(SETQ ARCS(SETQ PROBLEM NIL))
(QUOTb SETQS) ))
(DE STAT()(PROG(AFLAG NFLAG)
(PRINT(QUOTE ARCS))
(MAPCAR(FUNCTION ASTAT)ARCS)
(PRINT(QUOTE NODES))
(MAPCAR(FUNCTION NSTAT)NODES)
(RETURN(QUOTE DONE)) ))
(DE NSTAT(N)(PROG()
(COND(WNFLAG(RETURN))
((EQUAL(GETINPUT) (QUOTE(SKIP)))(RETURN(SETQ NFLAG T))))
(PR LF(LIST(QUOTE NAME=)(NAME N)))
(PR LF(LIST(QUOTE BPF=)(BP N)))
(PR LF(LIST(QUOTE PREDECESSOR=)(COND((PRED W)(NAME(PRED N)))
(T NIL)) ))
(PR LF(LIST(QUOTE SUCCESSORS=)(COND((SUCC N)(MAPCAR
(FUNCTION NAME;)(SUCC N)))(T ®WIL))))
(PR LF(LIST(QUOTE TYPE=)(SELECTQ(TYPE i)
(0(QUOTE TERMINAL))



GLL

121.
122.
123.
120,
125.
126.
127.
128.
129.
130.
131.
132.
133.
134,
135.
136.
137.
1306.
139.
140
1.
142,
143,
144,
145,
146,
147,
148,
149,
150.

(1(QUOTE DECISIOHN))
(2(QUOTE EVENT))
(3(QUOTE EXPERIMENT))
(QUOTE UNKNOWN)))) ‘
(PR LF(LIST(QUOTE VALUE=)(VALUE N)))
(PR LF(LIST(QUOTE SENSITIVITY=)(SEN N)))
(PR LF(LIST(QUOTE EXPANDED=)(EXP i)))
(PR LF(LIST(QUOTE FLAG=)(FLAG N))) ))
(DE ASTAT(A) (PROG()
(COND(AFLAG(RETURN))
((EQUAL(GETINPUT) (QUOTE(SKIP)))(RETURN(SETQ AFLAG T))))
(PR LF(LIST(QUOTE NAME=)(HNAME A)))
(PR LF(LIST(QUOTE OBSERVATIONS=)(OBN A)))
(PR LF(LIST(QUOTE PREDECESSOR=)(NAME(PRED A))))
(PR LF(LIST(QUOTE SUCCESSOR=)(NAME(SUCC A))))
(PR LF(LIST (QUOTE PROBABILITY=)(PROB A4)))
(PR LF(LIST(QUOTE COST=)(COST A)))
(PR LF(LIST(QUOTE FLAG=)(FLAG A))) ))
(DE DUMP()(PROGN .
(PR LF(LIST(QUOTE CONCERNIWNG)PROBLEH))
(PR LF(LIST(QUOTE(YOUR BEST DECISION IS TO))
(FINDANAME (MAXNODE(SUCCNODES ROOGT)1)) ))
(MAPCAR(FUNCTION PLAN)(SUCCHODES ROOT)) ))
(DE MAXNODE(L C)(PROG(N)
(COND((NULL L)(RETURN)))
(SETQ N(CAR L))
L1 (COND((LESSP(PICKV N C)(PICKV(CAR L)C))(SETQ N(CAR L))))
(COND((SETQ L(CDR L))(GO L1)))
(RETURN N) ))
(DE PICKV(N C)(COND



OLL

151.
152.
153.
154,
155.
156.
157.
158.
159.
160.
161.
162.
163.
164,
165.
166.
167.
168.
169.
170.
171.
172.
173.
174.
175.
176.
177.
175.
179.
150.

((ATOM(VALUEO N))(VALUEO N))
(T(CAR(NTH(VALUE N)C))) ))
(DE HMINIL(X Y)(COND(Y(MIN X Y))(T X)))
(DE TIPS(W)(PROG(TPS)
(TIPS* N)
(RETURN TPS) ))
(DE TIPS*(N)(COND
((HULL(SUCC N))(SETQ TPS(CONS H TPS)))
(T(MAPCAR(FUNCTION TIPS#*)(SUCCNODES N)))))
(DE MEMBLISTV(L1 L2)(COND
((NOT(AND L1 L2))HIL)
((AND(ATOM(CAR L1))
(MEMB(CAR L1)L2))T)
((AND(NOT(ATOM(CAR L1)))"
(MEMBLIST&(CAR L1)L2))T)
(T(MEMBLISTV(CDR L1)L2))))
(DE MEMBLIST&(L1 L2)(COND
((NULL L2)NIL)
((WULL L1)T)
((AND(ATOM(CAR L1))
(MEMB(CAR L1)L2))(MEMBLIST&(CDR L1)L2))
((AND(HWOT(ATOM(CAR L1)))
(MEMBLISTV(CAR L1)L2))(MEMBLIST&(CDR L1)L2))
(T NIL)))
(DE RESHUFFLE(L)(MAPCAR(FUNCTION EVAL)
(MAPCAR(FUNCTION CONS)(CONSTANT(QUOTE PLUS))(REFORM
(MAPCAR(FUNCTION(LAMBDA(L) (MAPCAR(FUNCTION(LAMBDA(X Y)(TIMES X Y)))
(CONSTANT(CAR L))(CDR L)) ))L) ))))
(DE BLEND(F V P C)(EVAL(CONS F(MAPCAR(FUNCTIOWN(LAMBDA(V P C)
(TIMES(DIFFERENCE V C)P)))V P C))))



LLL

161.
182.
163.
184
185.
186 .
187.
168.
169.
190.
191.
192.
193.
194,
195.
196.
197.
198.
199.
200..
201.
202.
203.
204.
205.
200.
207..
208.
209.
210.

(DE ALLATOMS(L)(EVAL(CONS(QUOTE AND)(MAPCAR(FUNCTION ATOM)L))))
(DE PLAN(N)(PROG(S 38)
(SETQ S(CAR(SUCCNODES N)))
(SETQ SS(CAR(SUCC N)))
(COND((NULL N)(RETURN))
(CAND(TYPE1 N)(ATOM(VALUE N)))(PR LF(LIST(QUOTE IF) /" #
(NAME(PRED N)) # /" (COND((TYPE1(PRED W))(QUOTE OCCURS/,))
(T(QUOTE(IS CHOSEN/,))))(WAME (PRED
(MAXHODE(SUCCHNODES N)1))) )))
((AND(TYPE3 N)(TYPE1 S))
(COND((GREATERP(CAR(VALUE S))(BLEND(FUNCTION PLUS)
(CDR(VALUE S))(PROB SS)(CONSTANT 0)))
(PR LF(LIST(QUOTE(DO NOT))(NAME 33)
(QUOTE BUT) (NAME(PRED (MAXHODE(SUCCNODES $)1))))))
(T(PROG(C)
(PR LF(LIST(NAME SS)(QUOTE AND/././.)))
(SETQ C 1)
L1 (PR LF(LIST SP 3P 3P SP 3P(QUUTE IF) /" #
(CAR(NTH(OBN SS)C)) # /" (QUOTE(IS UBSBERVED/
(NAME(PRED (MAXNGDE (SUCCNODES S)(PLUS C 1))))
(COND((GREATERP(SETQ C(PLU3 C 1))(LEHGTH(UBN 353)
(RETURN))) '
(GO L1) )))))
(MAPCAR(FUNCTION PLAN)(SUCCNODES N)) ))
(DE TRANSPOSE(L)(PROG(X)
(SETQ X L)
L1 (COND((NOT(ATOM(CAR X)))(GO L2))
((SETQ X(CDR X))(GO L1))
(T(RETURN L)))
L2 (SETQ X(CAR X))

y

))
))
))



8Ll

211.
212,
213.
214,
215.
216.
217.
216.
219.
220.
221.
222.
223,
224,
225.
220.
227.
228.
229.
230.
231.
232.
233.
234,
235.
236.
237.
2308.
239.
240.

- (SETQ L(REMOVE X L))
(RETURN(MAPCAR(FUNCTION CONS)X(CONSTANT L))) ))
(DE PR(LF L)(PROG()
(COD((NULL L)(RETURN)))
(SETQ L(FLAT L))
L1 (COND((NOT(MEMB NIL L))(GO L2)))
(SETQ L(REMOVE NIL L))
(GO L1)
L2 (COND((NULL L)(RETURN(COND(LF(TERPRI))(T))))
((EQ(CAR L)#)(PROGN(SETQ L(CDR L))(GO L3
((EQ(CAR L)\)(PROGH(SETQ L(CDR L)) (TERPR
(PRINC SP)
L3 (PRINC(CAR L))
(s8TQ L(CDR L))
(GO L2) )
(DE OUT(V C L)(PROG()
(SET V(COND((EQ(EVAL V)C)1)(T(PLUS(EVAL V)1))))
(PR LF(CAR(NTH L(EVAL V)))) ))
(DE M1(X)(OUT(QUOTE M1C)5(LIST
(LIST(QUOTE(SUPPOSE THAT YOU HAD CHOSEN TO))X # /.)
(LIST(QUOTE(ASSUMING THAT))/" # X # /"(QUOTE(WAS PICKED/,)) )
(LIST(QUOTE(SUPPOSE THAT))/" # X # /"(QUOTE(IS YOUR CHOICE/.)) )
(LIST(QUOTE(WHAT IF YOU CHOOSE TO)) X # ?2)
(LIST(QUOTE(LET US SAY THAT YOU TOOK))/" # X # /" # /,)
)))
(DE M2(X)(OUT(QUOTE M2C)4(LIST
(LIST(QUOTE(SUPPOSE THAT))/" # X # /"(QUOTE HAPPEWED/.) )
(LIST(QUOTE(WHAT IF))/" # X # /"(QUOTE OCCURS?))
(LIST(QUOTE(ASSUME THAT))/" # X # /"(QUOTE(HAS HAPPEHED/,)) )
(LIST(QUOTE(LETS SAY IT WAS))/"™ # X # /"(QUOTE(THAT ACTUALLY
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241,
242.
243.
244,
245,
2406,
247.
248.
249.
250.
251,
252.
253.
254,
255.
250.

257

.

258.
259.

260..

201,
262.
203.
2064 .
265.
200.
267.
208.
269.
270.

TOOK PLACE/.)))
)))
(DE M3()(OUT(QUOTE M3C)4(LIST
(QUOTE(IS THERE A DECISION TO BE MADE AT THIS POINT?))
(QUUTE(DO YOU HAVE A CHOICE OF ALTERNATIVES?))
(QUOTE(ARE THERE SOME OPTIOWS AVAILABLE TO YOU?))
(QUOTE(WOULD THERE BE OPPORTUNITIES OPEN TO YOU HOW?))
)))
(Db MY4C)(OUT(QUOTE MUYC)IH(LIST
(QUOTE(CAN YOU THIKK OF THINGS THAT MAY HAPPEN AS A
RESULT?))
(QUOTE(ARE EVENTS ABOUT TO HAPPEN OVER WHICH YOU HAVE WO COwlRrRUL?))
(QUUTE(ARE THERE SOME EVENTS THAT MAY HAPPEW?))
(QUOTE(COULD UNCONTKROLLABLE OUTCOMES OCCUR?))
)))
(DE #5() (OUT(QUOTE M5C)5(LIST
(QUOTE(DO YOU WISH TO STOP EXPLORING FURTHER IN THIS DIRECTIOWN?))
(QUUTE(HAS THERE BEEN ENOUGH DETAIL EXPRESSED 30 FAR?))
(QUOTE(SHOULD WE EXPLORE SOME OTHER POSSIBILITIES IN ANOTHER ARwA?))
(QUOTE(PERHAPS We SHOULD TALK ABOUT SOMETHING ELSE?))
(QUUTE(I ASSUME THAT W& CAN LEAVE THIS SITUATION?))
)))
(b M6()(OUT(QUOTE M6C)H6(LIST
(QUOTE(PLEASE LIST THE ALTERNATIVES THAT YOU HAVE/, ONE AT A TIME/.))
(QUOTE(STATE THE CHOICES THAT YOU HAVE/.))
(QUOTE(LIST THE OPTIONS THAT ARE AVAILABLE/.))
(QUOTE(PLEASE LIST THE DECISIONS THAT YOU CCULD MAKE/.))
(QUOTE(TELL ME WHAT IS AVAILABLE/.))
(QUOTE(ENTER THE CHOICES THAT YOU COULD TAKE/.))
(QUOTE(WHAT OPPORTUMITIES ARE THERE?)) '
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271.
272.
273.
27h.
275.
270.
271T.
278.
279.
280.
281.
282.
263.
234,
285.
286 .
287.
283.
289.
290.
291.
292.
293.
294,
295.
296.
2917.
295.
299.

1300.

)))
(DE MT7()(OUT(QUOTE M7C)S5(LIST
(QUOTE(PLEASE LIST THE OUTCOMES/.))
(QUOTE(EXACTLY WHAT EVENTS COULD OCCUR?))
(QUOTE(STATE THOSE EVENTS THAT MAY HAPPEN/.))
(QUOTE(LIST THE POSSIBLE OCCURANCES THAT YOU FORESEE/.))
(QUOTE(WHAT DO YOU SUPPOSE COULD HAPPEN?))
)))
(Dt M38()(OUT(QUOTE M8C)5(LIST
(QUOTE(ARE THE ALTERNATIVES MUTUALLY EXCLUSIVE?))
(QUOTE(DOES THE CHOICE OF ONE ALTERNATIVE EXCLUDE THE OTHERS?))
(QUOTE(IS ONLY ONE CHOICE POSSIELE?))
(QUOTE(I ASSUME THAT ONLY ONE OF THE DECISIONS CARN
BE MADE/, CORRECT?))
(QUOTE(IS IT TRUE THAT CHOOSING ONE OF THESE ALTERNATIVES
EXCLUDES THE OTHERS FROM BEING CHOSEN?))
))) '

(DE M9()(OUT(QUOTE M9C)U(LIST

(QUOTE(ARE THESE EVENTS MUTUALLY EXCLUSIVE?))

(QUOTE(DOES THE OCCURANCE OF ONE EVENT EXCLUDE THE OTHERS

\ FROM HAPPENING?))
(QUOTE(CAN JUST ONE OUTCOME HAPPEN AT A TIME?))
(QUOTE(I ASSUME THAT OWNLY ONE CAN OCCUR/, CORRECT?))
)))

(DE #10(X)(OUT(QUOTE M10C)T7(LIST

(LIST(QUOTE(LETS CONSIDER))/"™ # X # /"(QUOTE(FOR A MOMENT/.)))
(LIST(QUOTE(NOW CONSIDER))/"™ # X # /" # /.)

(LIST(QUOTE(LETS LOOK AT))/"™ # X # /" /.)

(LIST(QUOTE(WHAT ABOUT))/"™ # X # /" # ?2)

(LIST(QUOTE(LETS TALK ABOUT))/"™ # X # /"(QUOTE(FOR AWHILE/.)))



301,

302

303.
304.
305.
3006.
307.
306.
309.
310.
311.
312.

-

313.
314,
315.
3106.
317.
318.
319.
320..
321.
322.
323.

324

325.
326.
327.
320.
329.
330.

(LIST(QUOTE(NOW CONSIDER))/™ # X # /" # /.)
(LIST(QUOTE(NOW CONSIDER))/™ # X # /" # /.)
)))
(DE M11()(OUT(QUOTE M11C)5(LIST
(QUOTE(WHAT VALUE WOULD YOU GIVE TO THIS SITUATION?))
(QUOTE(TRY TO PLACE A WUMERIC VALUE ON THIS SITUATIOH/.))
(QUOTE(HOW WOULD EVALUATE THIS SITUATION?))
(QUOTE(ESTIMATE THE VALUE IF YOU WERE IN THIS HUbIlION/ ))
(QgUTL(JHAT IS THE SITUATIOWN WORTH TO YOU?))
))
(D& M12()(OUT(QUOTE #M12C)5(LIST
(QUOTE(TRY TO ESTIMATE THE PROBABILITY THAT THIS BVEANT WILL HAPPEN/.))
(QUOTE(WHAT ARE THE CHANCES OF THIS OUTCOME HAPPEWING?))
(QUOTE(WHAT ARE THE CHANCES THAT THIS EVENT WILL OCCUR?))
(QUOTE(HOW MUCH OF A CHANCE DOES IT HAVE?))
(QUOTE(WHAT PROBABILITY WOULD YOU PLACE ON IT?))
)))
(DE M13()(OUT(QUOTE t113C)5(LIST
(QUOTE(WHAT IMMEOIATE COST IS EXPECTED?))
(QUOTE(WHAT WOULD BE THE IMMEDIATE CO3T/, ASSUMING TiIS SITUATION?))
(QUOTE(HOW MUCH EXPENSE IS ANTICIPATED?))
(QUOTE(IF THERE IS AW ASSOCIATED COST/, WHAT IS IT?))
(QUOTE(STATE THE IMIIEDIATE COST/, IF THERE IS ONE/.))
)))
(DE QYWN(L)(COND
((MEMBLISTV(QUOTE(Y YES OK RIGHT YEA))L)T)
((MEMBLISTV(QUOTE(N NO NONE NOTHING DONE 0))L)NIL)
(T L)))
(DE Q89(H)(PROG(ANS)
L1CCOND((TYPET N)(M8))(T(HM9)))
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1. C(CURD (T (ATOU(SETO AUS(OIN(GETINPUT))))) (GO L1))

S

332. ((NOT ANS)(PROGH

333. (PR LF(QUOTE(TRY TO LIST MUTUALLY EXCLUSIVE ITEMS/.)))
334, (RETURN T) )))

335. (RETURN) ))

330. (DE Q345(S)(PROG(ANS)

337. (COND((GREATERP S 2)(SETQ S(DIFFERENCE S 2))))

336. L1 (COND((EQ S 1)(i14))

339. ((EQ S 2)(#3))

340. (T(ERROR-Q345-1)))

341, (COND( (NOT(ATOM(SETQ ANS(QYN(GETINPUT)))))(GO L1))

342, (ANS(PROGN(SETQ ENDFLAG NIL)

343, (RETURN(SELECTQ S(1 2)(2 1)(ERROR-Q345-2))))))

34y, L2 (COND((EQ S 1)(#3))

345. ((EQ S 2)(M4))

346. (T(ERROR-Q3U5-3)))

347. (COND((NOT(ATOM(SETQ ANS(QYW(GETINPUT)))))(GO L2))

348, (ANS(PROGN(SETQ ENDFLAG NIL)(RETURN S))))

349, L3 (M5)

350. (COND((NOT(ATOM(SETQ AWS(QYN(GETINPUT)))))(GO L3))

351. ((NOT AN3)(GO Lu4)))

352. (COND((NOT ENDFLAG) (SETQ ENDFLAG T))

353. (T(PROGHW(PR LF(QUOTE(SHALL WE TERMINATE THE INTERVIEW?)))
354, (SETQ ENDFLAG(COND((QYN(GETINPUT))(QUOTE STOP))
355. (T NIL))))))

350. (RETURN 0)

357. L4 (PR LF(QUOTE(TRY TO PREDICT WHETHER YOU HAVE CONTROL OVER FUTURE
358 . \ EVENTS OR WHETHER THEY WILL OCCUR BY THEMSELVES/.
359. \ ENTER 0 1 OR 2:

360. \ 0 IF YOU WISH TO STOP/.
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361.
362.
303.
364,
305.
300.
367.
3008.
309.
370.
371.

\ 1 IF YOU HAVE A DECISION TO MAKE/.
\ 2 IF UWCONTROLLABLE EVEWNTS WILL OCCUR/.)))
(SETQ ANS(CAR(GETINPUT)))
(COND((OR(EQ ANS 0)(EQ ANS 1)(EQ ANS 2))(RETURN ANS)))
(PR LF(QUOTE(LETS MOVE ON TO AWOTHER AREA/.)))
(RETURN 0) ))
(bDE Q6T7()(PROG(C 3)
(SETQ C 1)
L1 (PR NIL C)
(COND((NULL(QYN(CAR(SETQ S(CONS(GETINPUT)S)))))
(RETURN(REVERSE(CDR S))) ))
(SETQ C(PLUS 1 C))
(GU L1) ))
(DE Q11()(PRUG(ANS)
(COND((NULL Q11FLAG) (GO L3)))
L1 (M11)
L2 (SETQ ANS(FIRSTNUM(GETIHPUT)))
(COND((ATOM ANS)(RETURN ANS))(T(GO L1)))
L3 (PR LF(QUOTE(ASSUMING THAT THE CURRENT SITUATION WERE TRUEZ/, \
"~ TRY TO RATE YOUR ESTIMATION OF HOW GOUD IT IS/, \
INDEPENDENT OF OTHER POSSIBILITIES/. YOU oAY USE
MOMEY AS A SCALE OR ONE OF YOUR OWN CHOOSILG/. HOWEVER/, \
YOU MUST BE CONSISTENT AND USE THE SAME SCALE THROUGHOUT \
THE EWTIRE INTERVIEW/. \ DO YOU WIS:i TO USE MONEY AS A SCALE?)))
(SETQ COSTFLAG(QYN(GETINPUT)))
(PR LF(QUOTE(ENTER YOUR ESTIMATE/.)))
(SETQ QU1FLAG T)
(GO L2) )) :
(DE Q12()(PROG(ANS)
(112)
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391.
392.
393.
394,
395.
396.
397.
398.
399.
400.
401,
402 .
403.
HOY .
405.
406.
407.
408
409 .
510,
411,
412,
413,
H1k .
415.
416.
417,
418.
419.
420.

(RETURN (FIRSTNUM(GETINPUT))) ))
(u& Q12¥(L)(DIFFERENCE 1.0(EVAL(CONS(QUOTE PLUS)(KLHOVm NIL L)))))
(pk Q13()(PROG(ANS)
(COND((NULL Q13FLAG) (GO L3)))
L1 (M13)
L2 (SETQ ANS(FIRSTHWUM(GETINPUT)))
(COND((ATOM ANS)(RETURN ANS))(T(GO L1)))
L3 (PR LF(QUOTE(ARE THERE ANY HIDDEN COSTS HOT TAKEWN IHTO \
ACCOUNT IN THE PREVIOUS VALUE ESTIMATION?)))
(SETQ Q13FLAG T)
(COND( (NOT(QYN(GETINPUT)))(RETURN 0)))
(GO L2) ))
(DE GETINPUT()(PROG(L)
L1 (SETQ L(LINEREAD)) )
(COND((NOT(MEMBER(QUOTE LISP)L))(GO L2)))
(PRINT(QUOTE LISP:))
(PRINT(EVAL(LINEREAD)))
(TERPRI)
(GO L1) -
L2 (RETURN L) ))
(DE M14()(OUT(QUOTE M14C)3(LIST
(QUOTE(CAN YOU IMPROVE THESE PROBABILITY ASSIGNMEWNTS BY \
PERFORMING AN EXPERIMENT?))
(QUOTE(ARE YOU UNHAPPY WITH THE ACCURACY OF THESE
PROBABILITY ESTIMATES?))
(QUOTE(IS IT POSSIBLE TO DO ANYTHING THAT WILL IMPROVE \
THESE PROBABILITY VALUES?))
)))
(DE M15() (OUT(QUOTE HM15C)1(LIST
(QUOTE(WHAT EXPERIMEHT COULD BE PERFORMED?))
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bh21. )))

o2, (DE #16() (OUT(QUOTE M16C)1(LIST

423, (QUOTE(WHEN WOULD IT BE PERFORMED?))

gl ))) '

o5, (DE #417()(OUT(QUOTE M17C)1(LIST

426, (QUOTE(PLEASE LIST THE POSSIBLE OBSERVATIONS FROM THE EXPERIMENT/.))
427. )))

42y, (DE ®16(X)(OUT(QUOTE M18C)1(LIST

b2y, (LIST(QUOTE(SUPPOSE THAT))/"™ # X # /"(QUOTE(IS ABOUT TO
430. HAPPEN/././.)))

431, )))

32, (bE H19(X)(0OUT(QUOTE M19C)1(LIST

433, (LIST(QUOTE(WHAT IS THE PROBABILITY OF))/" # X # /"
430, (QUOTE HAPPENING?))

435. )))

4306. (DI EXPAND(N)(PROG(S CH WNEWARC NEWNODE)

u37. (COHD((KULL(PRED 19)) (GO LO)))

438, ((SELECTQ(SETQ S(TYPLE(PREDNODE N)))

439. (1(FUNCTION M1))

uyo. ~ (2(FUNCTION tM2))

hy1, (QUOTI: ERROR-EXPAND))

4y2, (FINDANAME H))

443, (PUTTYPE N(Q345 S))

INITIS LO (COND((TYPEO N)(GO Lu))

huy, ((TYPE1 N)(#6))

4he. (T(M7)) )

LuT, (SETQ 3(Q67))

yyg, L1 (COND((Q89 N)(GO LO)))

yuyg, (SETQ M10C 1)

450. L2 (SETQ ARCS(CONS(SETQ NEWARC(LIST
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4s1.
h52.
u53.
4sh,

ho2.
463.
Lol
o5 .
466
4o7.
468
469,
470.
4Tl
472,
473,
47l
475,
476.
U7,
478.
479,
450.

(CAR S)WIL N NIL NIL NIL NIL ))ARCS))
(ADDSUCC i NEWARC)
(M10(CAR S))
(SETQ NODES(CONS(SETQ WEWNODE(LIST
NIL NIL NEWARC NIL WIL(QU11)NIL NIL NIL))NODES))
(PUTSUCC WEWARC NEWNODE)
L3 (COND((TYPE2 W)(PUTPROB WEWARC(COND((CDR S)(Q1
(T(Q12%(PROBS(SUCC ©))))) )
(COND(COSTFLAG(PUTCOST NEWARC(Q13))))
(COND((SETQ S(CDR S))(GO L2)))
(COND((TYPE2 N)(EXPERIMENT N)))
L4 (RETURN(PUTEXP N T)) ))

2))
))

(DE START() (PROGN

(SETQS) .
(PR NIL(QUOTE(WHAT/'S YOUR PROBLEM?)))
(SETQ PROBLEM(GETINPUT))

(EXPAND ROOT)

(MAPCAR(FUNCTION EXPAND)(SUCCNODES ROOT))
(START#* ROOT)

(DUMP)

(QUOTE "PROGRAM FINISHED") ))

(DE START*(N)(PROG()

(COND( (NULL(EXP N))(EXPAND N)))

L1 (ROLLBACK)

(SENSITIVITY)

(EXPAND(COND( (NODE-SELECT N))(T(RETURN))))
(COND((EQ(QUOTE STOP)ENDFLAG)(RETURN)))
(GO L1) ))

(DE ROLLBACK()(PROG()

(MAPCAR(FUNCTION(LAMBDA(N) (PUTFLAG H



Lel

Lg1.
bg2.
453,
§gh,
g5,
456.
Lov.
458 .
Ug9.
490,
B9,
uyg2,
493,
nou.
495.
49¢.
497,

4g¢

499.
500..
501.
502.
503.
504,
505.
506.
507.
500.
509.
510.

(OR(NULL(TYPE N))(TYPEO #)))))NODES)
L1 (COND((EVAL(CONS(QUOTE OR)(MAPCAR(FUNCTION ROLLCALC)
HODES))) (GO L1))) ))
(DE HODE-SELECT($3)(PROG(N 3)
(SETQ S (TIPS S$3))
L1 (COND((NULL S)(COND(N(RETURN N))(T(GO L2))))
((AHD(NULL(SEN(CAR $)))(NOT(TYPEO(CAR 5))))
(RETURN(CAR S)) )
((OR(TYPEZO(CAR S))(NULL(SEN(CAR $)))(ZEROP(SEN(CAR $))))NIL)
((OR(NULL H)(LESSP(SEN(CAR 3))(SBEN §)))
(SETQ H(CAR S)) ))
(SETQ S(CDR S))
(GO L1)
L2 (SETw 3(TIPS 355))
L3 (LOND((AND(ZEROP(S&N(CAR S)))(NOT(TYPEO(CAR S))))(RETURN(CAR 5)))
((SETQ S(CDR S$))(GO L3)))
(RETURN) ))
(DE SENSITIVITY()(PROG(M V)
(DAPLAR(rUNLFION(LAMBD“(X)(PUTS&N X NIL)))HWODES)
(SETQ #“(EVAL(CONS(QUOTE #“AX)(SETQ V(VALUES(SUCCNODES ROOT))))))
(MAPCAR(FUNCTION SENCALC)
(SUCCNODES ROOT)
(CONSTANT 1.0)
(MAPCAR(FUNCTIOH(LAMBDA(X)(DIFFERENCE M X)))V)) ))
(DE SENCALC(N P DR)(PROG(SN)
(PUTSEN N(SETQ SN(QUOTIENT DR P)))
(COND((NULL(SUCC H))(RETURN)))
(MAPCAR(FUNCTION SEHCALC)
(SUCCNODES N)
(COWD((TYPET N)(CONSTANT 1.0))
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511.
512.
513,
514,
515.
516.
517.
515.
519.
520.
521.
522 .
523.
520,
525.
526.
527.
526.
529.
530.
531.
532.
533.
534,
535.
53b.
537.
536.
539.
5340,

((TYPE2 ) (MAPCAR(FUNCTION(LAMBDA(X Y)(TIMES X Y)))
- (PROB1S(SUCC N))
~ (CONSTANT P))))
(COUD((TYPE2 M)(CONSTANT DR))

((TYPE1 N)(HAPCAR(FUNCTION(LAMBDA(X)
(DIFFERENCE(PLUS SN(VALUE H))X)))
(VALUES(SUCCHODES ©)) ))) )))

(Dii CONSTANT(X)(PROG(XX)(RETURN(RPLACD(SETQ XX(LIST X))XX))))
(DE ROLLCALC(N)(PROG(V P C F)
(COND( (EVAL (COHS(QUOTE OR)(CONS(FLAG N)
(MAPCAR(FUNCTION NOT)(FLAGS(SUCCNODES t))))))(RETURN)))
(SETQ V(VALUES(SUCCNODES 1)))
(SETQ P(PROB1S(SUCC N)))
(SETQ C(COSTS(SUCC N)))
(SETQ F(COND((TYPE1 N)(QUOTE MAX))(T(QUOTE PLUS))))
(PUTVALUE N(COND
((TYPE3 N)(MAX(CAAR V) (BLEND(QUOTE PLUS)(CDAR V)
(CAR P)(CONSTANT(CAR C)))))
((AND(ATOM(CAR P))(ALLATOMS V))(BLEND F V P C))
(T(HMAPCAR(FUNCTION BLEND)(CONSTANT F)
(COND((TYPE1 N)(TRANSPOSE V))(T(CONSTANT V)))
(COND((TYPE1 N)(CONSTANT P))(T(REFORM P)))
(CONSTANT C) )) ))
(RETURN(PUTFLAG N T)) ))
(UE REFORM(L)(MAPCAR(FUNCTION(LAMBDA(C)
(MAPCAR(FUNCTION CAR)
(MAPCAR(FUNCTION NTH)L(CONSTANT C)) )))
(REVERSE(MAPLIST(FUNCTION LENGTH)(CAR L))) ))
(DE EXPERIMENT(N)(PROG(NN W EXPARC EXPNODE C EL B)
LO (M14)
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547,

542,
543,
544,

546.
547.
540,
549,
550.
551.
552.
553-

554,

rr"

20D
556.
557.
558.

[t

559.
560 ..
501.
502.
563.
564,
565.
506.
507 .
5606.
569.
570.

(COND((NOT(ATOM(SETQ NN(QYN(GETINPUT)))))(GO LOG))

((MOT ®iW)(RETURN)))

(M15)
(SETQ NN(GETINPUT))
(M16)

(SETQ W(FINDEXPHODE(GETINPUT)N))

(SETQ EXPARC(LIST HWN NIL WIL(SUCC W)NIL WIL NIL))

(SETQ EXPNODE(LIST WIL WIL W(LIST EXPARC)3 NIL
(PUTPRED(SUCC EXPARC)EXPARC)

(PUTPRED EXPARC EXPRODE)

(PUTSUCC W EXPHODE)

(SETQ NODES(CONS EXPWODE NODES))

(SETQ ARCS(CONS EXPARC ARCS))

(M17) .

(SETQ C(SucC n))

L3 (SETQ EE(PUTOBN EXPARC(Q67)))
(COND((Q89 N)(GO L3)))

L1 (SETQ E EE)

(1118 (NAME(CAR C)))

L2 (M19(CAR E))

(ADDPROB(CAR L)(bIHbThUn(GLTIwPUl)))
(COND((SETQ E(CDR E))(COND((CDR E)(GO L2))

(T(ADDPROB(CAR C)(DIFFERENCE 1.0(EVAL(CONS(Q

(CDR(PROB(CAR C)))))))))))
(COND((SETG C (CDR C))(GO L1)))
(PUTPROB EXPARC(RESHUFFLE(PROBS(SUCC N))))
(MAPCAR(FUNCTION PUTPROB)(SUCC N)
(MAPCAR(FUNCTION CONS)(MAPCAR(FUNCTION CAR)
(PROBS(SUCC W)))(MAPCAR(FUNCTION BAYES)
(PROBS(SUCC d))(CONSTANT(PROB EXPARC)) )))

JIL

uoTe

MIL wIL))

PLUS)
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" (RETURN) ))
(DE FINDEXPNODE(FIND i) (PROG(ARC SCORE HARC HSCORE WORDS)

(SETQ HARC(SETQ ARC(PRED i)))

(SETQ HSCORE 0)

L1 (SETQ WORDS(NAME ARC))

(SETQ SCORE 0)

L2 (COND((MEMBER(CAR WORDS)FIND)(SETQ SCORE(PLUS 1 SCORE))))

(COND((SETQ WORD3(CDR WORDS)) (GO L2))
((LESSP SCORE HSCORE) (GO L3)))

(SETQ HSCORE SCORE)

(SETQ HARC ARC)

L3 (COND((SETQ ARC(PRED(PRED ARC)))(GO L1)))

(RETURN(COND((ZEROP HSCORE)NIL)(T HARC))) ))

(D BAYES(A B)(MAPCAR(FUNCTION(LAMBDA(X Y Z)

(QUOTIENT(TIMES X Y)Z)))(CDR A)(CONSTANT(CAR A))B))









